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Study on Intelligent Recommendation Method of Dueling Network Reinforcement Learning Based
on Regret Exploration

HONG Zhi-li, LAI Jun,CAO Lei,CHEN Xi-liang and XU Zhi-xiong

Command & Control Engineering College, Army Engineering University of PLA,Nanjing 210007, China

Abstract In recent years,the application of deep reinforcement learning in recommendation system has attracted much attention.
Based on the existing research,this paper proposes a new recommendation model RP-Dueling, which is based on the deep rein-
forcement learning Dueling-DQN algorithm,and adds the regret exploration mechanism to make the algorithm adaptively and dy-
namically adjust the proportion of “exploration-utilization” according to the training degree. The algorithm can capture users’ dy-
namic interest and fully explore the action space in the recommendation system with large-scale state space. By testing the pro-
posed algorithm model on multiple data sets, the optimal average results of MAE and RMSE are 0. 16 and 0. 43 respectively,
which are 0. 48 and 0. 56 higher than the current optimal research results. Experimental results show that the proposed model is
superior to the existing traditional recommendation model and recommendation model based on deep reinforcement learning.

Keywords Recommendation system, Deep reinforcement learning, Dueling-DQN, RP-Dueling, Dynamic interest, Regret

exploration
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Fig. 1 Diagram of recommendation system structure
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Fig. 2 Structure comparison of DQN and Dueling-DQN
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Table 5 Results of three algorithms on Max_reward.,Min_reward,

Average_reward, Standard_deviation and Average_reward_add

Average_

Method Max_ Min_  Average_ Standard_

Datasets Evaluation reward reward reward deviation reward_add

Compare

RP-Dueling  2.39 0.57 2.21 0.0690 —
mlL-1M DDQN 1.24  —o0.11 1.15 0.0511 +1.15
DQN 1.32 0.62 1.25 0.0267 +1.07

RP-Dueling 4.28 0.85 3.83 0.0551 -
mL-100k DDQN 1.09 0.25 0.99 0.1016 +3.19
DQN 1.19 0.23 1.06 0.1947 +3.09
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Table 6 RMSE and MAE comparison of RP-Dueling and traditional algorithms

Evaluation

Datasets Method RP-Dueling  KNNBasic KNNWithMeans KNNBaseline SVD SVD+ + NMF
(S (o]
LM RMSE 0.8200 0.9227 0.9290 0.8949 0.8730 0.8611 0.9167
ml-
MAE 0.5500 0.7273 0.7383 0.7064 0.6858 0.6717 0.7246
L-100k RMSE 0.4300 0.9790 0.9511 0.9294 0.9349 0.9195 0.9638
ml.-
MAE 0.1600 0.7727 0.7493 0.7321 0.7365 0.7212 0.7583
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